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INTRODUCTION

T

he importance of crude oil to
the daily life of every society
and nations cannot be over
emphasised. In fact, nearly twothird of the world's energy
consumptions comes from crude
oil and natural gas (Sharma, 1998,
Wang et. al. 2005, Xie et. al. 2006,
Lam, 2013 and Behmiri and
Manso, 2013). Specifically, crude
oil accounted for 33.0 percent of
all the energy consumed in the
world in 2013. It is the largest and
most actively traded commodity
accounting for about 10.0 per
cent of the overall world trade.
Wang et. al., (2005) asserted that
the consumption of crude oil
globally exceeds $500 billion,
approximately 10.0 percent of
USA GDP. As early as 2015 IEA
estimated that world daily
consumption of oil and liquid fuels
reached an average of 93.0

million barrels. However, in
January 2015 alone total world oil
production was over 94.0 million
barrels per day equivalent to more
than 34.0 billion barrel a year.
Nevertheless, it is not a hidden
knowledge that energy and
financial markets are generally
characterised by high level of
price volatility (Sharma 1998,
Shojaeddini and Golestani, 2013).
In particular, the volatile nature of
crude oil price has become
disturbing to governments and
policy-makers all over the world.
The volatility of oil prices has
serious implications on the
economy of most oil producing
nations. This is because oil prices
play an important role in
determining the revenue and
expenditure programmes as well
as sharpening the overall
economy of most oil dependent
economy like Nigeria. Abiola and
Okafor (2013) observed that the
prices and the volume of crude oil
sales have a close relation with the
Nigerian government revenue
generation over the years. The
fact remains that crude oil is an
important factor in the fiscal
operations, and the quantity of
crude oil sold at the prevailing
market price is the basis to
understand the flow of the overall
revenue earned from oil. For quite
sometimes international crude oil
price has become very unstable
due to its volatile tendencies and
this volatile nature of oil price has
affected the Nigerian
government expected revenue
and spending, which in turn
affects other major
macroeconomic variables. For
that reason IMF (2013) affirmed
that sustain declined in oil prices
by 25.0 per cent would weaken
the Nigeria current account and
reserve positions.
Therefore, oil price volatility has
become an important topic of
discussions among journalists,
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academicians and policy makers
in both developed and
developing countries for many
decades. Historically, oil price
change or volatility is not a new
phenomenon; in fact oil price is
always volatile. According to
Sharma (1998), Zamani (2004),
Wang et. al. (2005), Xie et. al.
(2006) and Kulkarni and Haidar
(2009), the fluctuations in energy
market particularly crude oil price
is basically originated from an
imbalance between supply and
demand, resulted from events
such as wars, changes in political
regi me, wea ther cha nges ,
speculations in financial market,
economic crisis, formation or
breakdown of trade agreements,
and unanticipated weather
patterns as well as other
predictable and unpredictable
factors affecting supply and
demand among others. ADB
(2009) further confirmed that
increase in global demand
especially by China and Asia was
what has caused high oil price in
2004, rather than the supply-side
factors. Nonetheless, supply-side
factors such as the war in Iraq,
policy development in Venezuela
and conflicts in Nigeria had
contributed also to increased
crude oil prices in 2004.
Barsky and Kilian (2004), Nkomo
(2006) and Hamilton (2009)
argued that most of the crude oil
price fluctuations experienced in
the past was caused by political
events rather than market forces.
The studies cite an example of
most of the previous price
increases and cut back in
production to be associated with
the political instabilities in the
Middle East, following which the
oil market responded to this
sudden short-fall of supply caused
by the political factors. Even the
most historical oil price shocks
such as the Yom Kippur war and
Arab oil embargo of 1973, Iranian
revolution of 1979, Iraq inversion
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to Kuwait in 1990, US fears of an
Iraq invasion in 2003 were related
to political events. However,
Barsky and Kilian (2004)
maintained that most oil spikes
during 1999-2000 and beyond
were related to the influence of
other factors such as rising fear
about the future oil supply other
than the political events in the
Middle East, therefore,
concluded that not all price
shocks had followed similar
patterns. Hamilton (2009) on the
other hand, observed that unlike
the previous oil prices which were
caused by the supply disruption,
the oil price fluctuations in 20072008 were due to excess demand
at the period of declined world
production. Engdahl (2008)
observes that about 60 per cent
change in crude oil prices is
determined by financial
institutions speculations and
major Anglo-American oil
companies.
Therefore, due to its impact on the
overall economy in the world,
there exists plethora of literatures
which attempted to explain how
best to model and forecast crude
oil prices volatilty. Although, there
is no general consensus about the
most reliable approach to
forecast oil price, despite the
efforts and valuable time being
devoted by economists (Behmiri
and Manso, 2013). However,
modeling and forecasting the
dynamics of crude oil is very
important, yet proved to be the
most difficult task, considering the
fact that price move from time to
time in an unpredictable manner
which may also depends upon a
lot of factors (Zamani 2004, Wang
et. al. 2005, Xie 2006, Lam 2013,
Shabri 2013, Baumeister and kilian,
2013). Despite that, most
empirical studies acknowledged
that linear and non-linear time
series models such as
ARCH/GARCH have proved to
generate most reliable and
convincing results. Hence,
Alyousef (2015) asserted that
GARCH and its variants are
generally believed to produce
better forecast than other
techniques.

Some studies conducted in
relation to modeling and
forecasting crude oil price
volatility with the application of
GARCH family models are Sharma
(1998), Gileva (2010), Wei et. al.,
(2010), Musaddiq (2012), Salisu
and Fasanya (2012), Herrera et.
al., (2014), and Olowe (2009). The
studies that combined GARCHfamily model with non-GARCH
models in forecasting oil prices
volatility included: Duffie and
Gray (1995), Moshiri and Foroutan
(2006), Shojaeddin and Golestani
(2013), Ahmed and Shabri (2014),
Mustapha and Sulaiman (2015).
However, one common feature of
these studies is that they were
mainly concerned with applying
different GARCH and non GARCH
models in forecasting price
volatilities of Brent and West Texas
Intermediaries as a benchmark for
the global oil market. Even though
WTI and Brent represent different
grades of crude oil, but traded in
different locations (Baumeister
and Kilian, 2013). Very little
research were carry out in relation
to forecasting other varieties of
crude oil price volatility using
GARCH family models, most
especially the OPEC reference
basket which comprises of the
Nigeria bonny light. Thus, Bacon
and Tordo (2004) observed that
long-term forecast are frequently
published for key crudes namely;
Brent Blend, West Texas
Intermediate and Dubai, but no
forecast available for other
crudes. This study aims at
investigating the relevancy of
GARCH-family models in
measuring the Nigeria bonny light
crude oil price volatility. The study
also compares the forecasting
power of different GARCH models
with the aim of identifying the best
forecasting model. Subsequently,
the study uses the best GARCH
family model to predict the future
bonny light oil prices. The paper is
structured into five sections. First
section is introduction and second
section is the literature review. The
third section highlight the
methodology while section four
analyses the result and gives
discussions of findings. Conclusion
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and recommendations are the
last section.
LITERATURE REVIEW
In spite of the growing number of
literatures, however studies about
forecasting crude oil price
volatility are rather very scanty
until 2000s. In addition, global
financial and economic crisis of
2008 which affected the crude oil
prices in the international oil
market has raised a lot of interest
on how best to improve on
volatility and oil price forecasts.
Thus, an increase number of
studies on crude oil price forecast
around the world have recently
been developed and the results
obtained are mixed with no
consensus. While some studies
found the symmetric GARCH to
be more superior to asymmetric
GARCH (EGARCH, TARCH,
PARCH,GJR-GARCH,CGARCH
etc), other studies established
that both symmetric and
asymmetric GARCH are less
superior to non-GARCH models in
modeling oil price volatility and
forecasting oil prices vice versa.
Among studies who appreciated
the forecasting abilities of
GARCH-family models compared
to other forecasting models are:
Sharma (1998) that attempted to
compare different models for
forecasting oil price volatility in
the future crude oil market of WTI
traded at New York Mercantile
Exchange (NYMEX), using daily
observations from November 14,
1986 to March 31, 1997. Implied
volatility, a simple historical
volatility estimator, GARCH (1, 1)
and EGARCH (1, 1) models are
applied. The study found that for
a shorter period (two weeks
forecast) forecast, GARCH
models yield more accurate
prediction result than historical
volatility. Also Rizvanoghlu and
Aghayev (2014) used different
techniques of forecasting
Azerbaijan Azeri light crude oil
prices movements. The study was
able to compared the in-sample
and out-of-sample volatility
forecasting performance of
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GARCH (1, 1), TGARCH (1,1) and
EWMA (Exponentially Weighted
Moving Average) models. Daily
time series data on Azeri crude oil
prices ranged from June 17th
2002 to June 18th 2013 was used.
The finding from the study further
reveal that GARCH (1, 1)-GED
(Generalized Error Distribution)
models performed better in
forecasting the in-sample
estimates compared with EWMA
model. However, there was no
significant difference between
the two models with regards to
the out-of-sample estimation.
Moreover, Yaziz et. al., (2011)
proposed a comparative study of
the forecasting performance of
Box-Jenkins approach and
GARCH models on daily WTI spot
crude oil prices for the period of
January 2, 1986 to September 30,
2009. The study reveals that
GARCH model is the best
forecasting model than ARIMA.
However, studies that show
GARCH-family models less
superior compare to other
forecasting methods are: Duffie
and Gray (1995) who evaluated
the forecasting performance of
several GARCH family (GARCH,
EGARCH, bi-variate1 GARCH) and
non-GARCH family models
(regime switching, implied
volatility, and historical volatility
predictors) in forecasting prices
volatility in three different markets,
namely: the crude oil, heating oil,
and natural gas markets from
May 1988 to July 1992. The result
indicates that, implied volatility
produces the best forecasts in
both the in-sample and out-ofsample forecast. However, in
more relevant out-of-sample
case, historical volatility forecasts
are superior to GARCH forecasts.
Similarly, Wei et. al., (2010)
investigated the forecasting
ability of nine GARCH- type
models based on their
performance. The result turned
out that none of the models are
able to consistently outperform
each other. Lux et. al., (2015)
further extended the Wei et. al.,
1

(2010) models by incorporating a
new type of volatility model
namely Markov-Switching Multifractal model (MSM) in analysing
the forecasting performance of
two different groups of volatility
models (GARCH family and MSM).
The result from the study shows
that on the average MSM model
performed better in forecasting oil
price volatility than any of the
GARCH models.
There are several studies that
established that asymmetric
GARCH are the best forecasting
models for oil price volatility
among these are: Gileva (2010)
who compared the forecasting
performance of several models for
dynamic and volatility of crude oil
prices for both daily spot prices of
WTI and Brent from January 2, 1995
to March 11, 2010. GARCH family
models employed are GARCH (1,
1), EGARCH (1, 1), GJR-GARCH (1,
1), APARCH (1, 1) and ARMA (1, 1).
The result indicates that GJRGARCH is the best fit in WTI and
Brent return series, because it
outperformed other models for
forecasting accuracy. Musaddiq
(2012) attempted to model and
forecast light sweet crude oil
futures prices volatility for the daily
future prices extended from June
23, 1998 to July 16 2009. The study
employed variants of ARCH family
models such as GARCH (1, 1)
EGARCH (1, 2), GJR-GARCH (1, 2)
and TGARCH (1, 2). The study finds
that GJR-GARCH (1, 2) is the most
suitable model to forecast oil
prices futures market. Salisu and
Fasanya (2012) examined crude
oil price volatility modeling
performance on the daily return of
WTI over the period of January 4,
2000 to March 20, 2012, using a
combination of symmetric and
asymmetric GARCH models. The
study captures the period before,
during and after global financial
crisis. The results show that
asymmetric GARCH models
(EGARCH [1, 1], TGARCH [1, 1])
appeared to be superior to
symmetric GARCH models
(GARCH [1, 1], GARCH-M [1, 1]) in

The bi-variate GARCH model includes volatility information (returns, conditional variance)
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measuring the volatility of crude
oil price over the three sample
periods. Musoglu and Gencer
(2014) applied both linear
(GARCH, ARCH-M) and nonlinear (EGARCH, APGARCH and
CGARCH) GARCH family models
to study the dynamic volatility of
Istanbul Gold exchange market.
Daily observations on spot prices
of gold exchange from January 4,
2006 to November 20, 2013 were
used. The out-of-sample forecast
result shows that EGARCH (1,1)
and CGARCH (1, 1) are the best
performing models to make a
forecast, since they yield the
lowest forecast error among other
form of models.
Furthermore, Olowe (2009)
investigated weekly crude oil
average spot price volatilities of
some selected crude oil prices
which comprises of the Nigerian
Bonny light and Forcados
average spot prices, OPEC and
Non-OPEC countries average
spot prices, as well as the average
spot price of United States crude
oil from January 2, 1997 to March
6, 2009. EGARCH (1, 1) modeling
approach was employed. The
result from the study shows that oil
prices returns series exhibit a high
persistence in volatility clustering
and asymmetric properties. In
particular, Nigerian Forcados oil
price has the highest volatility
persistence. The study further
found that the asymmetric and
leverage effects were rejected in
all selected crude oil prices.
Herrera et. al., (2014) evaluated
the forecasting performances of
various volatility models on crude
oil daily WTI spot prices from
January 2, 1986 to April 5, 2013.
Specifically, the research tests the
effectiveness of MarkovSwitching GARCH (MS-GARCH) in
relation to other GARCH
modeling specifications such as
GARCH (1, 1), EGARCH (1, 1), and
GJR-GARCH (1, 1). The result
obtains show that the nonswitching GARCH models
(EGARCH) have more power in
predicting volatility in the short-
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run when using out-of-sample
forecast. While in the long run the
better models for forecasting WTI
daily spot oil price is switching
GARCH models. Lama et. al.,
(2015) forecast the three oil prices
series on a monthly basis, namely;
domestic and international
edible oil price indices, and
international cotton price from
April 1982 to March 2012. The
study used ARIMA, GARCH and
EGARCH models. The finding from
the study shows that EGARCH
outperformed ARIMA and
GARCH models in forecasting
international cotton prices, due to
its ability to capture the
asymmetric volatility pattern.
The superiority of symmetric
GARCH is acknowledged by
Sadorsky (2006) who compared
the effectiveness of GARCH, by
employing different univariate
and multivariate models of ARCH
type. The study recognised the
excellent performance of the
GARCH model in forecasting oil
price volatility. The study further
observed that a single equation
GARCH performed better than
even more sophisticated models.
METHODOLOGY
This research work uses monthly
bonny light crude oil prices from

April 1986 to December 2015. The
data set is obtained from OPEC
bulletin of various years and
Central Bank of Nigeria (CBN)
website. The study begins by
conducting stationarity test of the
series using Augmented-Dickey
Fuller (ADF), Phillips Perron (PP)
and Kwiatkwoski, Philips, Schmidt
and Shin (KPSS). Considering the
fact that prices in financial
markets especially oil, gas and
petrochemical products are
highly dynamic and volatile, and
since they generally assumed a
common pattern of behaviours
and framework, then the use of
the Generalized Autoregressive
Conditional 2 Heteroskedastic
(GARCH) for modeling and
forecasting such type of markets
are very common in literatures in
econometrics (Delavari et. al.,
2013). Thus, the method adopted
in this study which is widely and
commonly applied in numerous
researches related to modeling
and forecasting crude oil prices
volatility is the combination of
linear or symmetric Generalized
Autoregressive Conditional
Heteroskedasticity (GARCH)3 and
non-linear or asymmetric GARCH
modeling approaches such as the
exponential GARCH (EGARCH),
Power ARCH (PARCH), and
Threshold ARCH (TARCH). Since
these models provide a good

prediction especially when the
time series data is linear or near
linear and stationary (Shabri,
2013). A uniqueness of these
approaches is that they are
capable of capturing features
such as volatility clustering, fat
tails and possible asymmetric
effects (Herrera et. al., 2014).
These models proved to have
shown a good out-of-samples
performances when forecasting
for the short time crude oil price
volatility (Mohammadi and Su,
2010, Hou and Suardi, 2012).
Although, in the past several
studies on econometrics
modeling and forecasting oil
prices were conducted, but
recently the increasing
importance of crude oil in the
world and the desperate need to
model, forecast and measure oil
prices volatility led to the
development of more
sophisticated techniques widely
applied in many studies. The
starting point was the view that
there exist certain variables which
have not only affected by other
exogenous variables but by
themselves from their past values
or behaviors, based on this
theoretical foundation
a utoregres s i v e mod el s a re
formulated (Ali, 2013).

Model specification
Symmetric GARCH model
The GARCH model is in the following form:

and

2

The word 'conditional' entails the degree of association of the previous sequence of the observations
The GARCH model has originated from Autoregressive Conditional Heteroskedasticity (ARCH) proposed by Engle (1982), this model
offers a systematic framework for volatility modelling. GARCH as a modified version of ARCH was introduced by Bollerslev (1986).
3
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The first set is a mean equation
consisting two parts: The first part
µt is the appropriate structure
explaining the mean equation,
and the second part is εt which
shows residuals of the function. It
is the residuals that has
heteroscedasticity, and it
comprises of two normal
elements vt and the conditional
standard deviation in form of vσt.
The σt2 is the conditional
variance equation which is to be
estimated along with the mean
equation to remove the
problems associated with
heteroscedasticity εt. In the
second set of equation ω
represents the average values of
σt2, the ε2t-1 is the coefficient
explaining the effects of ARCH,
and σ2t-1 is the coefficient
showing the effects of GARCH.
The above GARCH model has a
unit root and the presence of unit
root implies that values of αi + βi
will be very close to one. This
model stated that the
conditional variance is a
deterministic linear function of
not only of its previous values but
of the past squared innovations.
α and β are the parameters to be
estimated, q is the number of
lags for past square residuals,

while p is the number of lags for
past variance. This indicates that
GARCH allows both
autoregressive and moving
average components in
heteroskedastic variance
(Musaddiq, 2012).
The coefficient αi measures the
degree to which volatility shocks
that occur now pass on to the
next period's volatility feeds. Also
if βi coefficient is high, volatility
can said to be persistent in such a
case. If αi becomes high, it then
concludes that the response of
volatility to oil price movements is
intense. Similarly, if αi is high and βi
is low, it indicates that volatility is
sharp, however the sum of αi and
βi measure the rate at which this
effect dies out overtime.
Therefore, if the sum of αi and βi is
close to one, it shows that a shock
at time t will persist for a long time
in the future. In order words, if the
sum of αi and βi is high, is a signal
that there is long memory. Again,
if their sum is equal to one, it
means that any shock would lead
to a permanent change in all
future values (Kalyanaraman,
2014). These parameters are
estimated using the method of
maximum likelihood estimation.
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However, one major lacuna
identified with regards to ARCH
and GARCH models are their
inability to differentiate the
effects of positive and negative
shocks on volatility, because the
two are presumed to have similar
effects on volatility. That is they
assumed that positive and
negative shocks have the same
effect. In order words, GARCH
model deals only with the
magnitude not the positivity or
the negativity of shocks.
Asymmetric GARCH models
To remedy the identified
weakness of GARCH model, a
number of extensions in form of
asymmetric GARCH models
have been developed
subsequently, which take into
account the skewness or
asymmetry effect. The earlier
extension was Nelson (1991) who
proposed the exponential
GARCH model (EGARCH). The
model permits for asymmetric
effect between positive and
negative financial asset returns.
In this model, the conditional
variance is stated in the following
process:
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The existence of a leverage or
asymmetric effects can be
tested using the stated
hypothesis as γi=0, is asymmetric
if γi ?0, If γi > 0 volatility tends to
rise (fall) when the lagged
standardized shock zt-i = εt-i /σt-I is
positive (Negative). The
persistence of the shocks is given
by ? βi where i=1……q. However,
diagnostic test is conducted to

The negative and positive
movements are observed
separately using the coefficients
of αi for good news and αi + γi for
the bad news. Thus, if found that
γi is significant and positive (γi ?
0), it means that bad news
increases volatility of crude oil
prices, hence there exist a
leverage effect for the i-th order4.
In other word, negative shocks of

ensure that the standardised and
squared standardised residuals
are white noise. Otherwise, a
higher- order EGARCH model
can be tested to ensure that the
chosen EGARCH model is
parsimonious.
The log-conditional variance is
applied to relax the positiveness
constraint of model coefficient.

oil price have a larger effect on
σ2t than the positive shock
(Carter et. al., 2007). However, if γ
=0, the model collapses to the
standard GARCH forms.
PARCH
Another version of GARCH
models is the Power ARCH
(PARCH) proposed by Ding,

The model is able to respond
asymmetrically to positive and
negative lagged values of
shocks εt. This model differs from
the GARCH variance structure
due to the log of variance.
TARCH
Threshold ARCH (TARCH) is also a
modified version of GARCH.
TARCH is generally specified as:

Granger and Engle (1993). The
model has unique advantage
over the other version, because it
estimates a power coefficient δ
which the other models restrict to
either 1 or 2. Therefore, this model
is more flexible than the others
(Gileva, 2010).
General PARCH is also specified
as follows:

The forecasting performance of each model is evaluated for accuracy using the root mean square error
(RMSE) criterion. A model that produced a smallest forecasting error is considered as best forecasting
model

4

That is if γi ? 0, it implies that there is asymmetric news impacts, in this case the coefficient γ represents the asymmetric or leverage
parameter
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RESULT AND DISCUSSIONS
Figure 1: Monthly prices of Nigerian Bonny light crude oil (US Dollar/Barrel) from April, 1986 to December,
2015.
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Source: Researcher's computation using Eviews 8
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Figure 2: residual plot for monthly Bonny light crude oil prices (MBLP)
The monthly bonny light prices
are plotted in figure1. The figure
has shown evidences of high
rising and falling oil prices, clearly
revealing that the bonny light
price just like other world oil
prices is volatile. The graph shows
that there was relatively oil price

stability from April 1986 to July
1990 and December 1991 to
December 1998, this was
followed by substantial upward
trend from 1999 to 2008. But
toward the end of 2008 a sharp
fall in oil price was witnessed,
before an upward trend of the

series from 2011, and
subsequently, between 2014 to
2015 a downward trend of the
series was also observed. The
existence of trends in the series
provide evidence of nonconstant mean over time.

Table 1: Descriptive statistics for mblp

mblp (April 1986 to December, 2015)
Mean
Median
Maximum
Minimum

44.63359
25.77000
141.8600
8.750000

Std. Dev.
Skewness
Kurtosis

35.03456
1.034511
2.673925

Jarque-Bera
Probability

65.25931
0.000000

Sum
Sum Sq.
Dev.

15934.19

Observations

Source: Researcher's computation using Eviews 8
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The average monthly prices of
bonny light (mblp) stood at
US$44.63p/b, the lowest and
highest price recorded were
US$8.75 p/b and US$141.86p/b.
We observed that standard
deviations value is 35.03 which
implied that mblp was highly
volatile. Skewness measures the
asymmetric distribution of the
series around its mean. Positive
skewness of mblp showed
evidence of a long right tail or
heavy tailed distribution and
evidence of symmetric return.
The kurtosis was positive and less

than 3(Kurt=2.674) indicating that
the distribution is flat relative to
the normal, thus, there is an
absence of fat tails in the
distribution. The computed
values of Jarque-Bera is 65.259
with significant p-value
(prob=0.000). Thus, the normality
assumption is rejected under 1%
significant levels, and we
conclude that mblp is not
normally distributed. This suggests
that other inferential statistics that
follows non-normality distributions
can be more applicable and

relevant. These include the
student-t distribution and
Generalized Error Distribution
(GED). This has been taken into
consideration in estimating
GARCH family models.
Unit root tests result
The stationarity tests using
Augmented- Dickey-Fuller (ADF),
Phillips Perron (PP) and
Kwiatkowski-Philips-Schmidt-Shin
(KPSS) were conducted. The
results from the test are
presented below:

Table 2: Unit root tests result
VARIABLE
Intercept

MBLP

KPSS

PP

ADF
Intercept

Trend and Intercept

Trend and Intercept

Intercept

Trend and Intercept

level

1st Diff

Level

1st Diff

Level

1st Diff

Level

1st Diff

Level

1st Diff

Level

1st Diff

-1.8395

-13.5307*

-2.4380

-13.5283*

-1.7539

-13.5766*

-2.2207

-13.5742*

1.7750

0.1039*

0.3132

0.0926*

Source: Researcher's computation using Eviews 8
* Denoted the series is stationary at 1% probability level.

The ADF, PP and KPSS tests result
indicated that mblp is nonstationary at level, but stationary
at first difference at 1% significant
level.
Results from GARCH-family
models
We estimate both the symmetric
and asymmetric GARCH models,
namely GARCH (1, 1), EGARCH
(1, 1), PARCH (1, 1) and TARCH (1,
1). In each of the model we
report the result from Student's t
and Generalized Error
Distribution (GED) innovations,
since the conditional distribution
of our error terms has shown that
the null hypothesis of normality
distribution is rejected. In
addition, Bollerslev (1987)

observes that conditional
student's distribution is much
perfect in approximating the fat
tailed characteristics of some
data. Similarly, Sharma (1998),
Zivot (2008), Aghyev and
Rizvanoghlu (2014) viewed that
normality distributions assumption
are not capable of tracking the
leptokurtic and fat-tailed
properties of oil prices
concurrently. Thus, they
recommend the use of Student's t
and Generalized Error
Distributions which can
adequately capture these facts,
because they gave chance for
the fatter tails5 in the conditional
distribution. Therefore, we
consider the use of the two
innovations mentioned (Student's

5
6

Normality distribution gave little chance for fatter tails in the conditional distribution
α and β have positive and significant values
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t and GED).
Result of the symmetric GARCH
(1, 1) Model
We examine the behaviour of
the past shock and past
conditional variance on the
current conditional variance.
The GARCH (1, 1)-t and GARCH
(1,1)-GED results in table 3 below
has shown both the lagged
square disturbance and lagged
conditional variance have
positive6 and statistical
significant (at 1% level) impact
on the current conditional
variance (σ2t). This implies that
news about volatility from the
past periods explain or possess
information on current volatility.
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Table 3: GARCH (1, 1) model results
Parameters
µ

ω

GARCH-t

GARCH-GED

0.059

0.062

(0.1094)

(0.1110)

0.271

0.307

(0.1795)

(0.2065)

0.345*

0.400*

(0.0904)

(0.0997)

0.696*

0.660*

(0.0696)

(0.0737)

v

8.256*

1.489*

Log L

(2.4991)
-906.870

(0.1258)
-909.706

AIC

5.1229

5.1388

SIC

5.1773

5.1932

HQC

5.1445

5.1604

Obs

356

356

α1

β1

Source: Researcher's computation using Eviews 8.
Note: Values in parenthesis are the standard errors for the coefficients

For the conditional mean
equation, the study finds that the
conditional mean in t and GED
are statistically insignificant at 5%
level. The high values of β17
[(0.696) in t and (0.660) in GED] for
the conditional variance
equation signals that shocks to
conditional variance dies after a
long time period. Thus, Nigerian
bonny light crude oil price
volatility is persistence, meaning
that past volatility shock has a
persistent effect on future

volatility. While, the values of α1
[(0.345) or (0.400) for t and GED]
implies that the responses of the
volatility to bonny light oil price
movements is high. Again the
sum of α1 and β18 in all the two
models exceed 1, suggesting
that any shock to bonny light oil
prices would result in a
permanent change in all future
oil prices 9 . This means that
persistence oil prices volatility for
bonny light is quite explosive.
Similar finding is reported in the

GARCH (1, 1)-t is express as:

7

β measures the degree of persistence in volatility
(α1 + β1)
9
It means that shock to oil price volatility is persistent.
8
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works of Gileva (2010),
ThankGod and MaxWell (2013).
The v values which represent the
estimated coefficient of the
degree of freedoms for GARCH-t
and GARCH-GED are all found to
be significant at 1% level,
suggesting that t and GED are
most appropriate error
distribution. The GARCH (1, 1)
models for t and GED can be
written as the conditional mean
and conditional variance
equations:
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A diagnostic test is conducted to check for the accuracy of the specified standardised residuals for
GARCH-t and GARCH-GED models. The result is presented in table 4 below:
Table 4: GARCH (1, 1) diagnostic testing for serial correlation and remaining ARCH effect.
Q (36)
Q2 (36)
ARCH- LM10

GARCH-t
45.957
(0.124)
17.676
(0.996)
0.0916
(0.7621)

GARCH-GED
45.413
(0.135)
19.202
(0.990)
0.2706
(0.6029)

Source: Researcher's computation using Eviews 8. Note that Values in parenthesis are the p-values

Q(36) represents Ljung-Box Qstatistics result of the correlogram
view for autocorrelation and
partial autocorrelation of the
standardised residuals up to lag 36.
All Q-statistics are expected to be
insignificant, in order to show that
the mean equation is correctly
specified. Thus, p values (0.124 and
0.135) of Q-statistics (45.957 and
45.413) at lag 36 are found to be
insignificant, indicating that our
mean equation is correctly
specified. This result proves that
there is no serial correlation in the
standardised residuals both for t
and GED. Similarly, the
specification of variance equation
is also checked using the
correlogram view of AC and PAC
functions of the squared

standardized residuals up to lags
36. Interestingly, all the Q-Statistics
from first lag to lag 36 are
statistically insignificant, suggesting
that the variance equation is also
correctly specified and no serial
correlation in the squared
standardised residuals.
Next is to conduct ARCH-Lagrange
Multiplier (LM)11 test in order to
ascertain whether the
standardised residuals have an
additional ARCH effect. We expect
to find that no remaining ARCH
should be left in the standardized
residuals. From the table 4 above,
the chi-square p values for t and
GED are 0.7621 and 0.6029
respectively. This indicates that the

Figure 3: Conditional variance

standardised residuals are not
significant, hence no remaining
ARCH effect was left. Therefore,
the null hypothesis of
homoscedasticity is not rejected.
The overall diagnostic tests reveal
that no serial correlation in the
standardised and squared
residuals and there was no any
remaining ARCH effect 12 that
needed to be model using higher13
order GARCH. Thus, GARCH (1, 1)
model is found to be parsimonious,
because it is able to capture the
GARCH effects and the errors or
residuals are found to be white
noise. The graphs of the
conditional variance and
conditional standard deviation
are plotted in figure 3 and figure 4
below:

Figure 4: Conditional standard deviation

Results from asymmetric GARCH family model
The standard GARCH model takes into account the possible size of the coefficients (α and β) of the GARCH
terms. However, an extension of GARCH model which consider not only the size of the parameters, but the
sign as well, is refer to as asymmetric GARCH models. These include EGARCH, PARCH and TARCH.
10

11

12
13

Heteroscedasticity test using ARCH LM is carryout. The ARCH test regresses the squared residuals on lagged squared residuals and a
constant
ARCH-LM test is developed by Engle (1982) to test for the existence of heteroscedasticity, it aims at identify the possible occurrence
of ARCH effects in the residuals
It means no more autocorrelation left in the model. In order word, autocorrelation is adequately captured in the model
Such as GARCH (1,2), GARCH (2, 2) etc
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Table 5: Results from asymmetric GARCH family models

Source: Researcher's computation using Eviews 8
Notes: * and **significant at 1% and 5 %, the standard errors are given in parentheses.

The result for EGARCH (1, 1)
model with asymmetric order
one is estimated, but the white
noise test of the standardised
residuals up to lag 36 when
tested using Q-statistics are
found not be white noise14. Thus,
we increased the asymmetric
order term to two (2), and
holding the order of ARCH and
GARCH terms to one (1) each.
Ultimately, the result obtains
show that the standardised
residuals are white noise. To have
a significant asymmetric effect
the coefficient γi needs to have
a negative sign. The result
presented in table 5 above
shows negative and positive
asymmetric coefficients (0.035382 and 0.103307) for
EGARCH (1, 1)-t. Unlike EGARCH
(1, 1)-GED that show positive
values of the asymmetric order
one and two. The negative
coefficient of the first asymmetric
order implies that decline oil
price has more impact than rising
oil price on the conditional
variance. While, asymmetric
order 1 and 2 for EGARCH-GED
are positive and statistically
insignificant. The positive
coefficients indicate that rising oil

price has high impact than the
decline oil price. However,
considering that the two-lag
period has less standard error
than lag 1, we concentrate on
the value of asymmetric
coefficient under lag two, which
shows evidence that rising oil
price is more destabilising than
the decline oil price. This means
that positive news (shocks) has
more serious impact than the
negative news (shocks). This
finding is consistent with the
theory of storage and study by
ThankGod and Maxwell (2013).
However, it is slightly difference to
study by Olowe (2009) who found
the negative and insignificant
value of asymmetric coefficient
γ1, and base on the average
value he rejected the
asymmetric and leverage effect.
The coefficients of constant
terms, past shocks and past
volatility are positive and
statistically significant at 1% level.
Thus, the current conditional
variance is positively affected by
past shocks and past volatility
both in EGARCH-t and EGARCHGED, similar result is also reported
in Olowe (2009) and Gileva
(2010). The diagnostic test result

14
15

presented in table 5, shows that
EGARCH-t model is correctly
specified, because there is no
serial correlation in both the
standardised and squared
residuals and no remaining
ARCH effects 15 . In contrast,
EGARCH-GED has shown
evidence that a serial correlation
exist in the conditional mean
given by the significant p value
of the q-statistics.
For PARCH unlike EGARCH, if the
asymmetric term (γ) is positive
and statistically significant, it
implies that decline oil price is
more dominant than rising price.
If however, the coefficient is
negative and significant, it
means that rising price (positive
news) is greater than the decline
oil price (negative news). First
order lags are used in the past
errors, past volatility and
asymmetric terms, however,
three (3) power terms are
selected before arriving at the
parsimonious PARCH model that
satisfy the white noise and no
ARCH effect conditions. The
PARCH-t and PARCH-GED results
show that both the past shock
and past volatility have positive

The q-statistics for the square standardized residuals are insignificant, implying that conditional variance is correctly specified
All values are statistically insignificant
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and significant effect on the
current volatility of the Nigerian
bonny light crude oil prices.
Moreover, the negative and
statistical significant (5% level)
values of the asymmetric
parameter for the PARCH-t and
PARCH-GED reveal that the
positive news (increase oil price)
has more influence on the
current volatility than the
negative news (decline oil price).
Therefore, PARCH (1, 1) results
support EGARCH (1, 1) model in
term of signs and the absence of
asymmetric effect. The
diagnostic test suggests that
both the standardised and
squared standardised residuals
are statistically insignificant,
which indicate no serial
correlation of the error terms.
While, ARCH-LM test further show
the p value of chi-square is also
statistically insignificant,
meaning that there was no
remaining ARCH effects both in
PARCH-t and PARCH-GED.

In estimating TARCH model twoperiod-lag on the threshold term
and one single lag both in the
past errors and past conditional
variance are used to have
correctly specified conditional
mean and variance equations,
showing that there is no serial
correlation in the error terms. The
coefficients of the past residuals
and past conditional variance
(α1 and β1) are found to be
positive and statistically
significant at 1% level, which is
consistent with the result of both
EGARCH and PARCH models. The
coefficient of asymmetric terms
for TARCH-t and TARCH-GED like
in PARCH model have negative
and insignificant values,
suggesting that bonny light price
increases have a larger effect on
the conditional variance than the
price decrease. We conclude
that positive oil price shock
increases volatility of bonny light
crude oil prices. However, the
result contradicts Salisu and
Fasanya (2012) who observed

that negative oil price shocks
reduces volatility more than the
positive shocks. The sum of the
coefficients α1 + γi of the TARCHt and TARCH-GED, points to the
existence of high volatility of the
Nigeria bonny light oil prices.
Performance evaluation of
GARCH family models
The performance evaluation of
each model selected for the
monthly bonny light crude oil
prices are ascertain, in order to
identify the best fitted model. The
best performing model is the one
with maximum log-likelihood,
lowest Akaike Information
criterio (AIC), Schwarz
information Criterio (SIC) and
Hannan-Quinn criterio (HQC).
From table 3 and 5 above, the
best GARCH family model in
terms of maximum log likelihood
is GARCH (1, 1)-GED model. Thus,
the study supports the earlier
result from Salisu and Fasanya
(2012) and Kuper (2002).

Table 6: Diagnostic testing for GARCH family modelsFig 1.

Table 7: Performance evaluation of GARCH family models at estimation stage
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Forecasting evaluation of the
GARCH models
From table 8 below the model
with the least forecast error
based on RMSE is GARCH (1, 1)GED. The model has a smaller
RMSE 1 6 and minimum bias
proportion17 compare to any
other GARCH family models.
Therefore, we conclude that

symmetric GARCH-GED model
performs better in terms of
forecasting monthly Nigerian
bonny light crude oil prices
compare with asymmetric
GARCH models. This result
conforms to the study by Cheong
et. al., (2011) and Rizvanoghlu
and Aghayev (2014), but
contradict studies by Akincilar et.
al., (2011), Herrera et. al., (2014),
Musoglu and Gencer (2014).

Forecasting using GARCH (1, 1)GED
We use the entire data set of 356
monthly observations covering
the period between April, 1986
and December 2015 in
estimating the selected GARCH
(1, 1)-GED, then January 2016 to
December, 2016 is used as out of
sample forecast period. The
forecast result is presented
below:

Table 8: Performance evaluation of GARCH family models at estimation stage

GARCH (1,1)-GED

Figure 5: Mean and variance forecasts for GARCH-GED
16
17

RMSE is the most popular, acceptable and widely use forecast evaluation method
Equivalent to 0.000004
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The solid lines represent the
forecast of the conditional
mean18 which is observed to be
approximately equal zero. The
dotted lines stand for the
forecast prices of bonny light
crude oil prices with ± 2 standard
errors. Using standard errors the
twelve months out-of sample
forecast period, bonny light
crude oil prices is observed to
hover between $25.8 to $55.8.
This result has captured the
actual bonny light oil prices as
observed from the CBN data
over the sample periods, the
conditional variances is shown
not be constant, because of an
upward trend or movement.
Conclusion and
recommendations
One interesting thing about the
overall estimated results from the
GARCH family models is that,
although both the symmetric
and asymmetric GARCH models
employ different approaches to
capture volatility of the Nigerian
bonny light crude oil prices, yet
they are able to produce a
consistent result. In particular, the
parameters of both the ARCH
and GARCH terms are found to
be positive and statistically
significant. In particular,
parameter α1 is shown to be
statistically significant at 1% level
in all the models. This is evident
that there is presence of volatility
clustering for the series. In
EGARCH, PARCH and TARCH the
value of α+β+γ are greater than

18

1, this shows that shock to oil
prices volatility is extremely high,
indeed explosive and will remain
forever. The high value of β1
reveals that shocks to conditional
variance dies after a long time
period. Therefore, Nigeria bonny
light crude oil price volatility is
persistence, meaning that past
volatility shock has a persistent
effect on future volatility. In
addition, the asymmetric models
(EGARCH, PARCH, TARCH) prove
that rising oil price has much
impact than decline oil price on
the conditional variance, which
implies the existence of positive
symmetric effects for crude oil
price. This result tallies with studies
by ThankGod and Maxwell
(2013), who also observe that
good news create high volatility
than bad news on the Nigerian
crude oil market. The result has
further corroborates our earlier
descriptive statistics result which
equally shows that the distribution
of Nigeria bonny Light crude oil
prices has positive skewness, an
evidence of long right tail. This
also means that the series has
symmetric and not asymmetric
returns, in sharp contrast to the
study by Salisu and Fasanya
(2012). Moreover, GARCH (1, 1)GED is found to have a better
forecasting performance. Based
on this we conclude that
symmetric GARCH-GED model
performs better in terms of
forecasting monthly Nigerian
bonny light crude oil prices
compare with asymmetric
GARCH models. Thus, GARCH

Conditional mean forecast is the monthly forecast of the bonny light oil prices
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family models are relevant in
forecasting bonny light oil price
volatility.
The study recommends that
conventional approach to
forecasting oil price benchmark
for the Nigerian budget
projection should be review, so
that benchmarking would be
based on a more scientific
method that would yield the
most desirable forecast result.
Similarly, since the study found
that the Nigerian bonny light oil
price is highly volatile and any
shock to oil price would have a
permanent change on the
future oil prices, then emphasis
should be given to non-oil
exporting commodities which
are more predictable and less
volatile. In addition, oil price
volatility in Nigeria is caused not
only by external factors, but also
internal factors particularly;
output shocks resulting from oil
theft, pipeline vandalisation and
unrest in the Niger-Delta oil
region, with effects on decline oil
production below the projected
budget benchmark and decline
in oil revenue to the Nigerian
government. Therefore,
considering the importance of
the region sustainable economic
growth in the Nigerian economy,
adequate and special attention
need to be given to the region, in
order to have smooth and
uninterrupted oil production, this
would stimulate private
investment in the oil sector.
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